INTRODUCTION
============

It is now widely known that mRNA can be targeted and inhibited by short complementary oligonucleotides such as small interfering RNA (siRNA). The breakthrough study of this approach, called RNA interference (RNAi), was formally described in *Caenorhabditis elegans* as a response to double-stranded RNA (dsRNA) ([@B1]). It extensively changed our concept of gene regulation in animals, plants and fungi. In the RNAi pathway, dsRNA is processed by Dicer, a ribonuclease III-like enzyme, into 21--23 nucleotide long fragments, called siRNA. Then the antisense strand of siRNA is loaded onto RNA-induced silencing complex (RISC), which recognizes the target mRNA sequence via hybridization between the siRNA antisense strand and the complementary region of mRNA. Subsequently, cleavage or knock-down of the target mRNA is induced ([@B2; @B3; @B4]). For gene silencing, a 19 nucleotide duplex siRNA plus 3′ dinucleotide overhangs is commonly utilized ([@B5]).

Gene silencing with RNAi, however, does not work equally well for all siRNA complementary to different sites of mRNA. In response to this, a number of the rules to predict the silencing efficacy of a specific siRNA have been developed. These rules are commonly based on the features of the siRNA sequence: low G/C content, lack of self-structure, preference of A at position 3, preference of U at position 10, absence of G at position 13 and absence of G or C at position 19, etc. Although the mechanisms of most of these features are not understood, they are commonly utilized in methods for designing efficient siRNA ([@B5; @B6; @B7; @B8; @B9; @B10; @B11]). In one such study, a genome-wide siRNA library was designed with an artificial neural network using a large number of siRNA sequence features ([@B12]). But the conventional methods, which only focus on the sequence information of siRNA, cannot fully capture the mechanistic features of RNAi. Other factors, including protein binding, cellular localization and target mRNA secondary structure, may also influence the silencing efficacy of RNAi *in vivo* ([@B13]).

It has been demonstrated that the secondary structure of the target at the hybridization region is an important consideration for the effective hybridization of oligomers ([@B14; @B15; @B16; @B17]). Heale *et al.* ([@B18]) used this knowledge to predict functional siRNA according to predicted local structures, i.e. prediction of structure within 100 nucleotides in each direction from the binding site. In that study, only 55% of selected siRNA were efficient at silencing. With a larger data set, the linear correlation coefficient was found to be 0.149 between the local target stability and the silencing activity of siRNA ([@B19]). Recently, Ladunga ([@B20]) used 142 features to predict functional siRNAs. Among these features, mRNA accessibility was represented as *p3* (the probability that each of four contiguous nucleotides is paired at the target\'s binding site) as predicted by *sfold* ([@B21]). In spite of the fact that the correlation of *p3* and siRNA activity was found to be low (*r* = 0.0584), *p3* was still highly weighted in the prediction by machine learning ([@B20]). An accurate prediction of mRNA accessibility is difficult mainly because the secondary structure cannot be well predicted for long RNA sequences ([@B22],[@B23]); mRNA can be up to 8000 nucleotides in length. The number of possible secondary structures increases exponentially with the length increase of the sequence, and so it is difficult to predict the correct structure from so many possibilities.

Here, the effect of target mRNA structure on siRNA efficacy was investigated by use of a partition function calculation that considers all possible secondary structures of the mRNA to determine an ensemble folding free energy change. The correlation between the thermodynamic features of the target site and the efficacy of siRNA was significantly improved by optimization of the method for secondary structure prediction of mRNA. Free energies of binding of the siRNA antisense strand to the mRNA target were calculated using the OligoWalk algorithm ([@B24]), including terms that account for self-structure in both the siRNA and the target ([Figure 1](#F1){ref-type="fig"}). These predicted thermodynamic features were utilized by a support vector machine (SVM) to predict functional siRNA. Figure 1.Equilibrium considered in the OligoWalk algorithm for predicting the affinity of a structured oligonucleotide (siRNA) to a structured target (mRNA). Involved proteins are not shown and were neglected in the calculations. The free energy change of each equilibrium is Δ G° = − RT ln K, where, K is the equilibrium constant. K~1~, K~2~, K~3~ and K~4~ are related to , , and , respectively. K~0~ is also related to . Folding in the target (at the region of hybridization) and self-structure in the siRNA both compete with the formation of the siRNA-target complex needed for cleavage by RISC.

MATERIALS AND METHODS
=====================

Calculation of free energy costs of opening base pairs for hybridization
------------------------------------------------------------------------

To predict the cost of opening base pairs in the mRNA for hybridization to siRNA, the structure is predicted once without constraints and then once with the constraint that the nucleotides in the hybridization site are forced single-stranded. This prediction assumes that siRNA binding results in the re-equilibration of the complete target secondary structure. The free energy cost, , is then: where, is the predicted folding free energy change for the native structure and is the predicted folding free energy change, where the nucleotides that will hybridize to the siRNA are forced single-stranded.

Different secondary structure prediction methods were investigated to calculate the free energy change terms. The lowest free energy structure prediction is a single predicted secondary structure. For suboptimal structure prediction, a heuristic method ([@B25]) is used to generate 1000 low free energy structures (with a window size of zero) and a weighted average free energy change is determined ([@B24]): where, the sum over *s* is over the set of predicted secondary structures, R is the gas constant and T is the absolute temperature (310.15 K).

A partition function (Q) calculation is a more rigorous method for examining secondary structure because information of the complete ensemble of possible secondary structures is included: where, ΔG(*s*) is the free energy change of folding of structure s and the sum is over all possible secondary structures. Q can be calculated using a dynamic programming algorithm ([@B26],[@B27]). The free energy cost to open the base pairs of the targeted RNA for oligonucleotide to hybridize is equal to the difference between the ensemble free energy change unconstrained and the ensemble free energy change with a constraint that nucleotides in complementary region are single stranded. The ensemble folding free energy change is: Therefore,

The partition function code was optimized for calculating the constrained partition function using data from the unconstrained partition function. For example, many of the dynamic programming array positions in Q~unconstrained~ are reused for Q~constrained~ because they are unchanged ([@B27]). Only the positions spanning the region of hybridization need to be recalculated in the arrays. This saved 70.6% computer time (8 h and 55 min down to 2 h and 37 min) for a complete scan of an mRNA of 730 nucleotides, running on a single core of a dual core AMD 270 processor.

Local structure prediction
--------------------------

Local and global (whole length of the targeted RNA) secondary structure prediction of the mRNA were compared. Local structure prediction only folds a certain total number of nucleotides centered at the binding region. When the target sequence was too close to the mRNA sequence end (5′ or 3′, end) for the folding region to be centered, the folding region was kept at the same length, but running to the end of the sequence, i.e. no longer centered on the siRNA binding site.

Available databases
-------------------

Two databases provide experimental data for testing hypotheses. The first set is derived from a database of experiments performed by Huesken *et al.* ([@B12]) at Novartis and contains efficacy data for 2431 siRNA selected to random positions in 31 mRNA sequences. 2000 siRNAs induced \>50% gene silencing, 1222 induced \>70% and 369 induced \>90%. The second set was assembled by Shabalina *et al.* ([@B19]) from a number of experiments reported in the literature and this database includes 653 siRNAs tested at different concentrations, targeting 52 distinct mRNAs. A total of 419 siRNAs induced \>50% gene silencing, 293 induced \>70% and 108 induced \>90%. The databases have no targets in common.

Calculation of terminal siRNA base pairing stability
----------------------------------------------------

The , the base pairing free energy difference between the 5′ end and 3′ end of the antisense strand in the duplex ([@B6],[@B7]), was also calculated. Its best correlation with siRNA inhibition efficacy was found using a window size of two terminal base pairs (one nearest neighbor parameter), including the AU end penalty ([@B28]).

Training and validation sets with SVM
-------------------------------------

The LIBSVM ([@B29]) implementation of SVM was used for binary classification with a radial basis function kernel. The input values were scaled and the model was optimized by LIBSVM\'s optimization program. The silencing efficacies of 50% or 70% were used as the classification boundary in separate tests. Classification was done with --b 1 parameter to output probabilities. Cutoff of probabilities were varied for construction of ROC curves and curves of positive predictive values as a function of sensitivity. For predictions in which the Novartis database was split into training and testing databases, the training set was randomly generated six times and the results were averaged.

Statistical analysis
--------------------

The linear correlation coefficients (*r*) were calculated between siRNA silencing efficacy (from experimental results) and different features, among different databases. In the database of Shabalina *et al.* ([@B19]), the silencing efficacy is represented as ln (activity), where activity is the percentage amount of the targeted mRNA expression after RNA interference treatment as compared to the control. The inhibition efficacies reported in the Novartis database ([@B12]) are transformed to activity as well (activity = 1− inhibition efficacy). The activity is reset to 0.001 if it is reported to be less than or equal to 0 and reset to 0.999 if it is reported to be larger than or equal to 1. A two tailed *t*-test was used to test the significance of the linear correlation (calculated with Statistics-Basic-0.42 perl module downloaded from <http://www.cpan.org>). Every coefficient is shown along with a *t*-test *P*-value ([Tables 1](#T1){ref-type="table"} and [3](#T3){ref-type="table"}). Correlations were considered significant for *P*-values of \<0.05, which means the siRNA efficacy is very unlikely to be randomly distributed by its position on the targeted mRNA sequence. Table 1.Thermodynamic features predicted by OligoWalk algorithmFree energy typeCorrelation between ln(Activity) and different free energy changes[^a^](#TF1){ref-type="table-fn"}*rt*-test *P*-value[^b^](#TF2){ref-type="table-fn"}−0.22981.78 × 10^−15^[^c^](#TF3){ref-type="table-fn"}−0.1949 (−0.1799)[^d^](#TF4){ref-type="table-fn"}2.66 × 10^−15^ (3.33 × 10^−15^)[^d^](#TF4){ref-type="table-fn"}−0.1882 (−0.1873)[^d^](#TF4){ref-type="table-fn"}3.11 × 10^−15^ (2.89 × 10^−15^)[^d^](#TF4){ref-type="table-fn"}−0.1812 (−0.1790)[^d^](#TF4){ref-type="table-fn"}3.11 × 10^−15^ (3.11 × 10^−15^)[^d^](#TF4){ref-type="table-fn"}[^e^](#TF5){ref-type="table-fn"}−0.35078.88 × 10^−16^[^1][^2][^3][^4][^5]

RESULTS
=======

Prediction of mRNA binding accessibility
----------------------------------------

Both experiments ([@B17]) and computational predictions ([@B18]) demonstrate that siRNA efficacy is affected by the secondary structure accessibility at the siRNA binding site. If the nucleotides at the binding site are base paired in the native structure, the binding affinity of the siRNA is lowered by the cost of displacing the existing pairs. At equilibrium, the conformation and stability of the local binding site may also be influenced by the conformations of parts of the target mRNA that are distant in sequence. Therefore, the characteristics of global structure need to be considered in the calculation of the binding-site accessibility. Furthermore, the secondary structure prediction of the whole mRNA sequence is difficult to predict, because mRNA is longer than most structured non-coding RNAs and because the coding region of an mRNA might not be selected for a single structure. As the length of an RNA increases, there are many more possible secondary structures and the number of secondary structures with free energies within RT of the lowest free energy structure also increases exponentially ([@B30]). Using the free energy change nearest neighbor model ([@B22],[@B28],[@B31]), this is observed as a decrease in the structure prediction accuracy of the lowest free energy structure for longer sequences. In this study, both the need for global secondary structure prediction and for predicting ensembles of structures were specifically examined.

The OligoWalk algorithm ([@B24]) can be used to predict the equilibrium binding stability of siRNA to an RNA target. It explicitly considers self-structures for both the siRNA and the target that compete with the hybridization for the equilibrium shown in [Figure 1](#F1){ref-type="fig"}. Binding stability is quantified by equilibrium free energy changes using the free energy change nearest neighbor model at 37°C ([@B22],[@B28]). For this work, the OligoWalk algorithm was enhanced to consider not only one predicted lowest free energy secondary structure, but the complete ensemble of structures for an RNA sequence with a partition function. Partition function calculations of RNA secondary structure compensate for incomplete knowledge of the folding rules by emphasizing the importance of predicted base pairs that are well-determined ([@B27]).

The binding-site accessibility is quantified as the free energy change to be overcome to open the base pairs of the targeted mRNA for siRNA hybridization (). It is defined as the difference in free energy of the mRNA in the native state and the mRNA with the hybridization site single-stranded, i.e. accessible to siRNA binding. Secondary structure prediction is used to predict the structures of both the native state and the open state. This means that the secondary structure of the target message is assumed to remain at equilibrium and therefore the secondary structure of the target changes in response to having the target-site nucleotides paired to the antisense siRNA.

To demonstrate the benefit of considering all possible structures, was predicted using three different methods. In one method, only the optimal structure (lowest free energy structure) was considered for each structure prediction. In the second method, 1000 suboptimal structures (within 10% of the optimal structure\'s free energy change) were sampled heuristically ([@B22]). In the third method, all possible structures were considered using a partition function.

As explained earlier, global structure prediction is expected to be more accurate than local structure prediction. Local structure prediction, however, saves significant computer time because the secondary structure prediction algorithms scale *O*(*N*^3^), where *N* is the length of sequence folded. Therefore, for example, using a region of 800 nucleotides reduces the calculation time by a factor of eight compared to predicting the global secondary structure of a 1600 nucleotide mRNA. To test whether local secondary structure prediction is adequate, different total lengths of flanking sequence from 100 to 2000 nucleotides were tested for correlation to experimental data and compared to global folding.

[Figure 2](#F2){ref-type="fig"} plots correlation of to the natural log of experimentally determined activity, defined as the fraction of mRNA levels after siRNA treatment as compared to a negative control. As expected, predicted free energy changes for longer folding sizes achieved a better correlation to siRNA efficiency data. Furthermore, for any length of structure prediction, the partition function provides better correlation than either optimal or suboptimal structure prediction. The correlation for suboptimal structure prediction was even worse than optimal structure prediction because the suboptimal structures generated heuristically cannot be used to accurately calculate the equilibrium constant. The improvement in correlation slows as a function of length of folding region once the size reaches 800 nucleotides. This is partially because few base pairs occur in RNA between nucleotides that are separated farther in sequence than 800 nucleotides. For example, in rRNA, where the secondary structure is known ([@B32]), over 75% of base pairs occur between nucleotides separated by fewer than 100 nucleotides and 99% base pairs occur between nucleotides separated by fewer than 800 nucleotides. The correlation also does not significantly improve for folding regions longer than 800 nucleotides because the accuracy of secondary structure prediction is also known to decrease for sequences longer than 800 nucleotides ([@B22],[@B23]). Apparently, an 800 nucleotide folding size is a good compromise between calculation cost and correlation to siRNA efficacy. Additionally, the calculated from global folding (data not shown) was not better than the 800 nucleotide folding size for the selection of efficient siRNA with the method described subsequently. Figure 2.The correlation between the ln(activity) and the free energy cost of opening local structure of mRNA (). Three prediction methods are used, optimal structure prediction (lowest free energy structure), suboptimal structure prediction (a set of heuristically generated low free energy structures) and the partition function calculation. Activity is the fraction of the targeted mRNA expression after RNA interference treatment as compared to the control. Different sizes of local structure centered on the binding region were folded. 4000 nucleotides of flanking sequence are folded if the sequence is larger than 4000 nucleotides in global folding. The *y*-axis, *r*, is the correlation coefficient. The correlations were calculated within Novartis data set ([@B12]) plus all other data sets collected by Shabalina *et al.* ([@B19]).

Correlation between silencing efficiency and RNA thermodynamic features
-----------------------------------------------------------------------

To consider the effect of self-structure in the siRNA antisense strand, which can decrease the equilibrium affinity to the mRNA target, free energy changes were predicted for both unimolecular and bimolecular siRNA folding, and , respectively ([Figure 1](#F1){ref-type="fig"}). These terms were also calculated with a partition function and this is fast because the siRNA sequence considered is the 19 bases that will hybridize to the target.

[Table 1](#T1){ref-type="table"} shows the correlation between the predicted thermodynamic stabilities from the equilibrium terms shown in [Figure 1](#F1){ref-type="fig"} and siRNA efficacy using the two different siRNA efficacy data sets ([@B12],[@B19]). [Table 1](#T1){ref-type="table"} also includes the well-known orientation effect () in which the 3′ end of the antisense strand should be more stable than the 5′ end of the duplex with the sense strand ([@B6],[@B7]). Each of the equilibrium stability terms as calculated by OligoWalk is statistically significant as tested by a *t*-test.

Predicting efficient siRNA with a SVM
-------------------------------------

In the selection of efficient siRNA sequences, each of the thermodynamic features predicted by OligoWalk need to be weighted because they have different extent of influence on siRNA silencing. Therefore, a classification SVM, implemented with LIBSVM ([@B29]), was trained to utilize the free energy changes to predict efficient siRNA. An SVM is a machine learning method capable of making classifications, including providing a confidence on the classification. Twenty-three other sequence features were also added as input parameters ([Table 2](#T2){ref-type="table"}) to the SVM. These features were chosen from the most correlated sequence features found by Ladunga using the Novartis database ([@B20]). 2182 siRNAs were used in the training set and the generated models were tested on the remaining 249 siRNAs. Using different confidence thresholds for classification by the SVM, the prediction method can optimize either sensitivity or specificity of siRNA selection. To show the tradeoffs, receiver operator characteristic (ROC) curves and curves of positive predictive value (PPV) as a function of sensitivity are shown in [Figure 3](#F3){ref-type="fig"}a and b, respectively. The plots were generated using two different experimental silencing efficacies (50% and 70%) as classification boundaries for the experimental data. PPV is defined as the percent of siRNAs predicted to be efficient that are experimentally shown to be efficient at silencing. Sensitivity is the percent of efficient siRNA predicted to be efficient. Specificity is the percent of inefficient siRNAs that are correctly predicted to be inefficient. In the design of a method for selecting siRNA, PPV is more important than sensitivity because it is more important to reduce the number of siRNA sequences that need to be tested to find one that is efficient in silencing. It is less important to find all efficient siRNA for a long mRNA sequence because there is almost always a large pool of possible siRNA that can efficiently silence a given mRNA. For efficient siRNA prediction (inhibition efficacy larger than 70%), the best PPV, sensitivity and specificity are 87.6%, 22.7% and 96.5%, respectively, with the Novartis data set ([@B12]). Figure 3.ROC curve and PPV of SVM prediction (**a**) ROC curves and **(b)** PPV as a function of sensitivity: all 28 features (listed in [Table 2](#T2){ref-type="table"}) are used to train the SVM. siRNA with different silencing efficacies (\>50% and \>70%) within Novartis data set ([@B12]) are predicted (see Methods section). (**c)** ROC curves and (**d**) PPV as a function of sensitivity: the SVM is trained on the whole Novartis data set and tested on the database collected by Shabalina *et al.* ([@B19]). Plots are shown for selecting efficient siRNA (silencing efficacies \>70%) both with and without self-structure folding free energy terms. There are 28 features in total ([Table 2](#T2){ref-type="table"}) when including local sequences terms and folding free energy changes. Thermodynamic features are those predicted by OligoWalk ([Table 1](#T1){ref-type="table"}). Table 2.Correlations between ln (activity)[^a^](#TF6){ref-type="table-fn"} of siRNA and different featuresIndividual featurePosition*rt*-test *P*-value[^b^](#TF7){ref-type="table-fn"}mRNA−0.19711.11 × 10^−15^all−0.18951.55 × 10^−15^all−0.19742.89 × 10^−15^all−0.25011.78 × 10^−15^1 versus 19−0.35076.66 × 10^−16^ΔG°1−0.34274.44 × 10^−16^ΔH°1−0.32151.11 × 10^−15^U1−0.26251.33 × 10^−15^G10.23852.22 × 10^−15^ΔH°all−0.24731.78 × 10^−15^Uall−0.19622.22 × 10^−15^UU1−0.1931.78 × 10^−15^Gall0.18383.11 × 10^−15^GG10.14341.20 × 10^−12^GC10.13011.21 × 10^−10^GGall0.16054.88 × 10^−15^ΔG°2−0.16594.22 × 10^−15^UAall−0.12673.61 × 10^−10^U2−0.13324.26 × 10^−11^C10.14341.21 × 10^−12^CCall0.14477.58 × 10^−13^ΔG°180.10244.22 × 10^−07^CC10.11163.46 × 10^−08^GCall0.14033.63 × 10^−12^CG10.10184.86 × 10^−07^ΔG°13−0.10926.81 × 10^−08^UUall−0.14142.49 × 10^−12^A190.08047.29 × 10^−05^[^6][^7][^8]

In order to test the robustness of the method, the SVM was trained on the whole Novartis data set and tested on the database collected by Shabalina *et al.* ([@B19]). Different sets of features were used to train the SVM, resulting in different performances ([Figure 3](#F3){ref-type="fig"}c and d). Both ROC curves and PPV as a function of sensitivity were plotted and the plot of PPV captured some details that the ROC curves did not represent clearly. The best prediction results from the combination of sequence preferences and thermodynamic features ([Table 2](#T2){ref-type="table"}). The SVM performance with the Shabalina *et al.* database is not as good as the performance with the Novartis data set. It is not surprising because the Shabalina *et al.* database is more diverse in the way that experiments were performed. Furthermore, the sequence parameters were derived from the Novartis data set and, in spite of the cross-validation procedure used, there is still chance that the data set was over-trained. Finally, an SVM was also trained on the database from Shabalina *et al.* and tested on Novartis data set. The performance of this SVM was between the performance of the former two training and testing methods (data not shown).

Because the RNA (siRNA and mRNA) self-structure energies (, and ) and duplex free energy () are correlated with one another, different combinations of these thermodynamic features were used with the classification SVM to see their effect on siRNA selection accuracy. [Figure 3](#F3){ref-type="fig"}d shows that removing the self-structure free energy terms (, or ) from the set of input parameters lowers the PPV at any sensitivity. The accuracy of the best prediction results for selecting efficient siRNA (inhibition efficacy larger than 70%) is listed in [Table 3](#T3){ref-type="table"}. As siRNA sequence features correlate with siRNA self-structure free energies (,), SVM prediction with all other 26 parameters still performs reasonably. But the self-structure of mRNA () cannot be predicted by local siRNA sequence information, therefore only considering local features lowers the PPV by 5.1%. The PPV increased as much as 8.1% by using all three self-structure free energies with the other 25 local sequence parameters ([Table 2](#T2){ref-type="table"}). The predicted free energy changes associated with RNA structure as described earlier are among the most correlated features of functional siRNA ([Table 2](#T2){ref-type="table"}). Table 3.Prediction performance for efficient siRNA (inhibition efficacy \>70%)Parameters for SVMPPV (%)Sensitivity (%)Specificity (%)All 28 features78.622.995.1Not considering siRNA\'s self-structure free energy changes77.019.895.5Not considering mRNA\'s self-structure free energy change73.521.294.0Not considering either siRNA or mRNA self-structure free energy changes70.519.193.7[^9]

DISCUSSION
==========

In this work, siRNA sequences were successfully selected using a SVM trained with equilibrium binding thermodynamics and siRNA sequence features. The equilibrium predictions explicitly account for the duplex stability, the self-structure in the target message and self-structure in the antisense siRNA strand. The equilibrium features provide improved siRNA selection as judged by the positive predictive value and sensitivity of the selection method.

Significant correlations were observed between siRNA efficacy and different thermodynamic parameters, although RNA secondary structure prediction itself is not perfect. The strongest correlation between target structure stability and efficacy was found when a complete ensemble of structures of RNA sequences was predicted with a rigorous partition function calculation, which has not been previously utilized. The correlation of target accessibility and siRNA efficacy was shown to be adequately predicted using 800 nucleotides of total sequence, centered on the binding region. The partition function calculation for predicting accessibility for binding is a new methodology that could also be applied widely, such as with microRNA target prediction, antisense oligonucleotide design and microarray analysis and design.

There is still room for improving the prediction of target accessibility. For example, the co-axial stacking between the hybrid helix and the helix of the target RNA were not included in these calculations ([@B33]). The kinetic control of binding also affects the efficacy of siRNA, which is considered as a local disruption free energy change in the Shao *et al.* ([@B34]) local model. This cannot be predicted by partition function calculation because the partition function predicts the RNA ensemble behavior at equilibrium. Furthermore, many tertiary interactions and protein binding on mRNA are yet unpredictable. The sequence identity of the 3′ overhangs of siRNA can also be considered for the design of siRNA. Although the two overhangs appear to have little or no effect on interference activity ([@B8]), they were also suggested to be involved in the interaction with proteins like the Paz domain of EIF2C2 ([@B35]).

A negative correlation coefficient was found between siRNA efficacy and the free energy change of the oligonucleotide-target duplex () (*r* = −0.2501, see details in [Table 2](#T2){ref-type="table"}). This result indicates that the siRNA would be less efficient if the direct binding between siRNA and mRNA were stronger. In other words, in general, low G/C content would be preferred by functional siRNA as has been noted previously ([@B36]). The same feature was shown for microRNAs ([@B19]). One simple explanation is that the free energy cost to unwind the siRNA (or microRNA) is more important than the strength of siRNA-target duplex formation. Alternatively, the RISC complex must be able to dissociate readily from targets after cleavage for multiple turnover and this may be improved by weaker binding by the antisense siRNA strand to the target or another single sense siRNA strand in the solution. The siRNA bimolecular stability was also found to have positive correlation with siRNA efficency, therefore, the propensity of siRNA to dimerize is disfavored. There is no clear mechanistic explanation for this effect, but it may be that RISC bound with antisense siRNA strand could be inhibited if an antisense strand hybridizes to a second antisense strand.

Efficient selection of siRNA is now incorporated in the RNAstructure software package for Microsoft Windows. This package is available for download at <http://rna.urmc.rochester.edu>.
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[^1]: ^a^The correlations were calculated within Novartis data set ([@B12]) plus the data sets collected by Shabalina *et al.* ([@B19]). Activity is the percentage amount of the targeted mRNA after RNA interference compared to the control. Here, *r* is the correlation coefficient. Negative correlations indicate that decreasing each folding free energy change (increased stability) results in increased ln (activity) (decreased silencing efficiency).

[^2]: ^b^A *P*-value (probability) \<0.05 is statistically significant.

[^3]: ^c^The values were calculated from partition function method with folding size of 800 nucleotides centered on the binding site.

[^4]: ^d^The values in parenthesis are calculated with the optimal structure prediction method.

[^5]: ^e^The best correlation was found by considering 2bp at the end, including the AU end penalty ([@B28]).

[^6]: The siRNA (19 base pairs) sequence features are chosen from the most correlated features found by Ladunga ([@B20]) in Novartis data set ([@B12]). They are compared with the thermodynamic features predicted by the OligoWalk algorithm. The correlations are calculated within Novartis data set.

[^7]: ^a^Activity is the fraction of the targeted mRNA after RNA interference compared to the control.

[^8]: ^b^The values were calculated from partition function method with folding size as 800 nucleotides centered on the binding site.

[^9]: The SVM was trained with Novartis data set ([@B12]) and tested on the data sets from different sources, which are collected by Shabalina *et al.* ([@B19]). Positive predictive value (PPV), the percent of selected siRNA sequences that are efficient at silencing, is the main criterion to show the best prediction performance because it measures how well a set of efficient siRNA sequences can be selected.
